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1. Introduction

This is the supplementary material of the paper Order-
less Recurrent Models for Multi-label Classification. We
first exhibit some images whose labels are sorted differ-
ently by the proposed predicted label alignment (PLA) and
frequent-first approach. Then, we show co-occurrence ma-
trices of different super-categories of the MS-COCO dataset
computed by the best BCE and LSTM models.

2. Qualitative comparison of PLA and other
methods

In Figures 1-2, we can see different orders yielded by the
PLA and frequent-first approaches. The images are chosen
to emphasize the problems with the approaches that use pre-
defined orders. As can be seen in the images, the frequent-
first approach always predicts the labels in the same order.
This leads to confusion in case of dominant but less fre-
quent objects or minor but more frequent objects in an im-
age. Then, this confusion leads to duplicate predictions in
different time steps.

3. Additional co-occurrence matrices of LSTM
and BCE models

In Figure 3, the predicted class co-occurence matrices
for binary cross entropy (BCE) and predicted label align-
ment (PLA) models can be seen. The levels of co-occurence
in BCE are noticeably higher than those on PLA, as it re-
uses the same parts of image for different predictions of
similar objects (e.g. bike and motorbike). This can be ob-
served especially on the animals, food, vehicle and kitchen
super-categories. In the animals super-category the BCE
model overshoots co-occurrence of dogs-cats and horses-
cows, while in the vehicles the confusion is on the buses,
trucks and cars. In the kitchen super-category the confusion
is the worst since most of the images are images of entire
kitchens and the BCE model uses the entire scene for dif-
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Figure 1: Comparisons of orders yielded by the PLA and
frequent-first approaches (wrong or duplicate predictions
are underlined).

ferent predictions. On the other hand, the LSTM model has
much lower differences with the ground truth, since the pre-
vious predictions are taken into account at every time step.
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Figure 2: See caption of Figure 1.



Is

anima

accessories

dog

23

tie

sheep

horse

giraffe
elephant
bear
cow
cat
bird
zebra

90

umbrella
suitcase
handbag
backpack

electronic

appliance

keyboard

52

oven

mouse

toaster

o
g
H
H
H
H

cell phone

laptop

refrigerator

remote

sink

3
70,
@,
2
&
%
9
2
%
1y

w&ab\

b\@
o
s,
x4

furnitures

foods

toilet

apple

couch

orange

banana

156

chair

pizza

156

€
s
a
o
2
s
a

sandwich

39

broccoli

dining table

hot dog

bed

donut
cake

kitchen

indoor

cup

teddy bear

bowl

scissors

knife

fork

hair drier

spoon

vase

bottle

tooth brush

wine glass

clock

outdoor

stop sign

©
g
s
g
g

airplane

bench

boat

fire hydrant

bus

train

traffic light

car

truck

3
5
£
o
=
£
5
g

for BCE (left) and PLA (right) models. BCE re-uses evidence to predict different objects,

and hence has higher co-occurence levels due to false positives.

Co-occurence matrices

Figure 3



